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Abstract−− In this paper, the integrated design paradigm is illustrated with several examples taken from the wide 
range of methodologies developed in last decades and presented in the first article of this series [Part 1]. The 
techniques included here belong to the category of simultaneous design and control in an optimization framework, 
and they have been developed by the authors’ research group and applied to the simultaneous process and control 
system design of the activated sludge process in a wastewater treatment plant (WWTP). In the present article, new 
aspects and results of those methodologies are presented for further understanding.  The scope of the problem 
considers both a fixed plant layout and the plant structure selection by defining a simple superstructure. The control 
strategy chosen is a linear Model Predictive Controller (MPC) with terminal penalty in order to guarantee stability. 
As for the evaluation of the controllability, norm based indexes have been considered, and a multi-model approach to 
represent the uncertainty and assure robustness. The formulation of the optimization problem can be stated either as a 
multiobjective one considering costs and controllability, or as monoobjective adding some controllability constraints. 
Several strategies for solving the optimization problem are presented, mixing stochastic and deterministic methods, 
and genetic algorithms. 
 





The design of a chemical process is an extensive and challenging task that begins with the description and definition 
of a product and its specifications. The task is completed once the quantitative definition of all the structural and 
operating variables of the production plant satisfying the product requirements and process restrictions is achieved. 
The process design is, typically, based on steady state analysis and economical considerations. The control-systems 
design is carried out in a subsequent stage, separated from the process design in itself. Sometimes, in this stage, the 
engineers realize that the possibilities of the control systems may be significantly reduced due to adverse plant 
dynamics. This problem is usually solved by process re-design or by increasing the size of process units and 
equipment to achieve acceptable process operation in suboptimal conditions. 
 
Therefore, now it is widely accepted that the process controllability analysis must be an integral part of the process 
design, in order to satisfy at the same time the economical objectives and those of plant dynamics. In the last thirty 
years, several researchers have been focused in the study of controllability and its metrics (Ziegler and Nichols, 
1943; Skogestad and Wolff, 1992; Wolff et al., 1992; Luyben, 1993; Skogestad; 1994; Skogestad and Postlethwaite, 
1996; Soloyev and Lewin, 2003, Ochoa, 2005; Araujo and Skogestad, 2006; Muñoz et al., 2008; Alvarez, 2012) as 
well as the development of different methodologies to include controllability criteria in the early stages of process 
design, establishing the idea of Integration of Design and Control (ID). 
 
The Integrated Design has emerged as a systematic design procedure where process design and plan-dynamics 
analysis are carried out simultaneously even along with the control-systems design. Several methodologies 
developed in order to assess the trade-off between economical benefits and controllability in process design have 
been reported. In the literature related to integrated design and control it is possible to distinguish a wide variety of 
methodologies that focus on different aspects of the problem, such as the scope, the controllability issues, the way to 
quantify the dynamical performance, the formulation of the optimization problem and the resolution techniques. 
Some excellent reviews can be found (Lewin, 1999; Sakizlis et al. 2004; Seferlis y Georgiadis, 2004; Ricardez-
Sandoval et al., 2009a, Yuan et al., 2012). However, due to the wide variety of works presented in the literature and 
the continuous advances in the field, a detailed classification of the different approaches and developments on the 
Integrated Design Methodology supported on a comprehensive review is being published as PART I of this study. 
Such classification is helpful to systematize the research in this field, showing up the most interesting developments 
and indentifying the challenging aspects to be assessed and the possibility to integrate other approaches. 
 
As a complement to the previous paper, the present one is dedicated to a brief presentation of several applications of 
simultaneous design and control of the activated sludge process in a real Wastewater Treatment Plant (WWTP of 
Manresa, Spain). The wastewater treatment plants must operate at the lowest possible cost with the most efficient 
control strategies. Therefore, the minimization of the investment and operational costs and the achievement of the 
effluent quality requirements may result into a conflict of interests that can be addressed by the integrated design 
methodology. The non-linear characteristics of the process model, makes the activated sludge process an interesting 
application to test the integrated design approach.   
 
The paper is organized as follows. First, the activated sludge process is explained followed by the MPC formulation 
and its application to the process. Then, the general integrated design methodology is presented together with the 
particular optimization problems stated depending on the specific controllability indexes considered.  The 
optimization strategies used to solve those problems are presented in the next point, to end with some detailed results 
and conclusions to the article.  
 
 
2. DESCRIPTION OF THE PROCESS 
 
A model representing the activated sludge process (ASP) in the wastewater treatment process of the Manresa plant, 
Spain (Moreno 1994; Gutierrez, 2000) is used herein as a working example, to show several applications of 
integrated synthesis and design. It has been selected to avoid the excessive complexity of models such as the ASM1. 
It is founded on the classical Monod and Maynard-Smith model and it is assumed that the reactions take place in one 
perfectly-mixed tank.  
 
The simplified plant diagram considered in the model is presented in Fig. 1, and Table 1 shows the nomenclature, the 
values of  biological and physical parameters in the model and typical operating conditions. 
 
The differential equations that describe the rate of change of the biomass, organic substrate and dissolved oxygen 
concentrations in the aeration tank are described below. A detailed explanation of the equations can be found in 
Revollar et al. (2010a)  
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The Fk1 parameter in the equation (3) for oxygen transfer is an aeration factor which is proportional to the speed of 
working turbines. 
 
The algebraic equations obtained from the mass balances for xir and sir are:
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q
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=                                         (5) 
The oxygen uptake rate (OUR) is: 
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In the secondary clarifier (settler), the operation is described by the mass balances and the expression for the settling 
of activated sludge:  
 
( )dd sal b sal d d
dxA l q x q x A vs x
dt
⋅ = − − ⋅  (7) 
( ) ( )1 2bb sal b b d b
dxA l qx q x q x A vs x A vs x
dt
⋅ = − − + ⋅ − ⋅  (8) 
( )2 2rr b r b
dxA l q x q x A vs x
dt
⋅ = − + ⋅  (9) 
 
The settling rate is calculated as: 
 
( ) ( )e jar xj jvs x nr x − ⋅= ⋅ ⋅   (10) 
 
2. MPC FORMULATION AND APPLICATION TO THE ASP 
 
A linear MPC with terminal penalty has been considered to apply the ID methodology. The MPC formulation 
consists of the on line calculation of the future control moves by solving the following optimization problem subject 
to constraints on inputs, predicted outputs and inputs increments. The objective function is the following: 
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where k denotes the current sampling point, ( )k i+x is the predicted state vector at time k+i, depending of 
measurements up to time k, Δu  is the vector of the changes in the manipulated variables, Hc is the control horizon, R 
and Q are positive definite matrices representing the weights of the change of control variables and the weights of the 
set-point tracking errors respectively, and P is a terminal penalty matrix. In this work the matrices R and Q are 
diagonal but not time dependent and the reference is fixed to zero. 
 
The MPC prediction model is a linear discrete state space model of the plant obtained by linearizing the first-
principles nonlinear model of the process (Maciejowski, 2002). 
 
The terminal penalty arises from an infinite horizon formulation, guaranteeing closed loop stability. In this case an 
unconstrained LQR (Linear Quadratic Regulator) controller has been considered from sampling time Hc to infinity 
(Scokaert and Rawlings, 1998), and matrix P is obtained from Riccati equation: 
 
( ) 1P A PA A PB B PB R B PA Q−′ ′ ′ ′= − + +   (12)  
 
The control problem for the ASP considered for this ID example consists of maintaining the output substrate (s1) 
below a certain value imposed by the environmental regulations. The process disturbances ( ),i is q=d are the 
variations of the flow rate (qi) and the substrate concentration of the incoming water (si). The recycling flow (qr) is 
the manipulated variable and the substrate (s1) is the controlled variable so that: ( ) ru k q= ; 1( )y k s=  (Fig. 1). The 
biomass (x1) in the reactor is a bounded variable. Different sets of disturbances have been considered from COST 
682 program and its benchmark [36], and particularly the set for dry and storm weather (Fig. 2). These sets are used 
here for normalizing purposes and for validating simulations. 
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 (13) 
where s1d,  s1u; x1d,  x1u; qrd , qru; Δqrd , Δqru are the bounds for substrate, biomass, recycling flow and the 
increments of recycling flow respectively. 
 
2. INTEGRATED DESIGN METHODOLOGY AND APPLICATION TO THE ASP 
 
The Integrated Design methodology described in this paper belongs to the group of simultaneous process and control 
system design by means of an optimization problem, in the framework of the classification presented in Part I of this 
work. More precisely, it is a nonlinear optimization problem with nonlinear constraints, including economic and 
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where  x denotes the state variables, z are the algebraic variables, u are the control variables, p are the time invariant 
process design variables, c are the controller tuning parameters, δ are the binary variables that define the process and 
control system structure, f denotes the differential equations of the process (mathematical model), h are the algebraic 
equations, g are the inequality constraints (physical constraints, process constraints, controllability constraints, etc.), 
φ are the differential equations of the controller, η are the algebraic equations of the controller, χ are the differential 
variables of the controller, and ξ are the algebraic variables of the controller. In this work, a steady state solution x0 
is sought, so 0=x  in the first equation of (15). The function J is the objective function. It can be expressed as a 
vector when several objectives are present, or some of the constraints (15) are considered as objectives 
(multiobjective problem): 
 
1( , , )if f= J    i=1…n  (n= number of objectives) (16) 
 
The aim of the integrated-design-of-process-and-control-system problem is to obtain the optimal process design 
parameters (p) and controller parameters (c), together with a steady state working point (x0) and related algebraic 
variables (z). 
 
The integrated design of the ASP is set in general to obtain the most economical plant that satisfies the desired 
control performance. Several applications, varying the scope of the problem, the controllability measures and the 
statement of the optimization problems, are presented in the following paragraphs. The optimization problems are 
selected depending on the specific controllability indexes included and the scope of the problem. 
 
2.1 Integrated Design including a mixed sensitivity index  
This example of application of the ID methodology considers a mixed sensitivity index as the main controllability 
measure. The cost function for the optimization problem can be expressed as ( )1 2,f fJ = , where f1 represents the 
construction cost (proportional to plant dimensions) and operational costs (pumping energy) (Vega et. al., 1999) and 
f2 represents the process controllability: 
 
 ( ) 2 2 21 1 1 2 3 2, , , n nf w V w A w q= ⋅ + ⋅ + ⋅p c x z  (17) 
( )2 , , ,f ∞=p c x z N   (18) 
 
where V1n and An are the normalized values for the reactor volume and the cross-sectional area of the settler, q2 is the 
total recycling flow, p=(V1,A ), x=(s1,x1,c1,xd,xb,xr ), z=(qr, qp) and c=(R, Hc) are the optimization variables, and 
wi=1 (i = 1,2,3) are the weights in the cost function. 
The controllability is here included via norm based indices considering that sensitivity functions can be obtained for 
the unconstrained MPC (see block diagram of Figure 3). Firstly, the f2 objective function is defined as an H∞ mixed 
sensitivity function that takes into account disturbance rejection and control efforts (dependence on Laplace variable 
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where S0 is the output sensitivity function, M0 is the control sensitivity function, Gd0  and G0 are the nominal plant 
transfer functions. 
 
Parameters Wp and Wesf are suitable weights chosen empirically to achieve closed loop performance specifications 
for disturbance rejection and to reduce the control efforts respectively.  
As in the ASP there are two main load disturbances, weights Wp(s) and Wesf(s) and sensitivity functions S(s), M(s), 
Rd(s), N(s) are vectors and matrices with two elements (dependence in the Laplace variable s for signals and transfer 
functions is omitted):  
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For the correct operation of the ASP, the following process and controllability constraints are included, together with 
physical bounds for all variables: 
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• Limits in hydraulic capacity of the settler [ch] and sludge age [sad, sau]: 
q ch
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• Constraints over the nonlinear differential equations of the process to obtain a steady state solution with a 
tolerance. Particularly, all normalized derivates are constrained to be less than 10-5. 
 




u<0M   (24) 
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∞
⋅ ⋅ <p dW S R   (25) 
Note that by means of the l1 norm constraint (24) the maximum deviation value of the control (umax) for the worst 
case of disturbances is constrained to be less than certain limits, in order to avoid saturations and to keep the control 
system in the linear region. On the other hand, the constraint (25) imposes robust disturbance rejection when applied 
in the limits of a polyhedral uncertainty region delimited by multiple linearized plant and disturbance models. The 
plant and MPC obtained are optimal in the region that they define. 
 
2.2 Integrated Design including only l1 norm indexes 
The ID methodology presented can be formulated alternatively considering some disturbance rejection measures 
stated in (Kariwala and Skogestad, 2007), such as the minimum output error achievable considering bounded 
manipulated variables for the worst possible combination of disturbances, and the  maximum disturbance allowed 
with inputs and outputs bounded. This approach is interesting because the disturbance rejection is directly 
characterized in the time domain, and the measures can be represented using l1 norm-based indexes as the induced 
norm of the ∞ norm of a signal.  
The first optimization problem consists of designing a plant with the MPC such as the output error is minimum, for 
the worst case of disturbances, when the manipulated variable and costs are bounded. Mathematically, the objective 
function can be posed in terms of the l1 norm of the closed loop transfer functions as follows: 
( )1 1, , ,f = 0 d0p c x z S R   (26) 
 
The minimization of f1 is subjected to the following constraints:  
 
• Controllability  constraint  (24),  where umax is the upper bound for the manipulated variable and the model 
is scaled so the maximum magnitude for disturbances is 1. 
 
max1
u<0M  (27) 
 




1 1 2 3 2n nw V w A w q β⋅ + ⋅ + ⋅ <  (28)  
 
Recall that the l1 norm of a stable transfer function is defined as the maximum peak of the output divided by the 
maximum peak of the input, for the worst combination of inputs. This problem comes from the approach described in 
(Skogestad and Wolf, 1992), based on the maximum values of the signals in the closed loop system, expressed in this 
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considering zero reference and normalized disturbances. 
 
Another approach in this line consists of designing a plant that maximizes the largest possible magnitude of 
disturbances (dmax) such that for the worst possible combination of disturbances up to that magnitude, an acceptable 





=p c x z  (31) 
 
The optimization of f1 is subjected to the following constraints, using the l1 norm definition, where umax is the upper 
bound of the manipulated variable and ymax is the upper bound of the output variable. 
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• Constraint over costs, where β is a fixed upper bound: 
 
2 2 2
1 1 2 3 2n nw V w A w q β⋅ + ⋅ + ⋅ <  (34) 
 
This problem can be stated as a multiobjective one because the dependence of dmax with the optimization parameters 
is only through the constraints in (32)-(33). The solution will be a maximum dmax that satisfies the equality limits of  
(32)-(33) and the constraint on costs. Then, considering  (32)-(33) as equalities, the solution of this problem can be 














For both problems in this point, the (21)-(23)  process constraints and the constraints over the non linear differential 
equations of the process are also included, together with physical bounds for all variables.  
 
2.3 Integrated Design including process synthesis 
The simultaneous design of the activated sludge process and its MPC control system has also been solved including 
the process synthesis. Two possible structural alternatives are proposed, which are represented in the superstructure 
shown in Figure 4. The alternatives consist of one or two aeration tanks and one secondary settler. The set of 
decision variables includes the process structure given by binary variable y1, plant dimensions, stationary working 
point and MPC controller parameters.  The objective function is: 
( ) 2 2 2 2 21 1 1 1 2 2 3 2 4 1 4 2, , ,f V V A q fk fkα α α α α α= ⋅ + ⋅ + ⋅ + ⋅ + ⋅ + ⋅p c x z  (36) 
where ( )1 2, ,V V A=p  are the time invariant process design variables, with V1 and V2 the volumes of the first and 
second reactor respectively, and A the cross-sectional area of the settler; c=(R, Hp, Hc) are the MPC tuning 
parameters (the basic formulation of MPC is considered), ( )1 2 1 2 1 2, , , , , , , ,d b rs s x x c c x x x=x  is the state vector 
including the concentrations on both reactors and the biomass in the settler, ( )1 2 1 2, , , ,r r pq q q fk fk=z , with qr1 and 
qr2 the recycling flows to each reactor, qp the purge flow, fk1 and fk2 the aeration factors for each reactor, and q2 is 
the overall recycling flow. The weights α i with { }1, 2,3, 4i∈ determine the relative importance of each factor in the 
cost function.  The first three terms are associated with construction costs, the terms proportional to fk1, fk2 represent 
the aeration turbine costs, and the term proportional to q2 represents pumping costs (purge and recycling). 
 
As in the previous points, the following process and controllability constraints are included, together with physical 
bounds for all variables. New parameters are added to make the constraints valid for both plant structures. 
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The last equation is written as: 
 
2 1 2 2 22(1 ) 0uV y W ret q+ − ⋅ − ⋅ ≤  (38a) 
2 22 2 1 2(1 ) 0dret q V y W⋅ − + − ⋅ ≤  (38b) 
 
where the parameter W2 is used to adjust the constraint to the actual number of bioreactors, 2 2 22uW ret q= ⋅ for (38a) 
and 2 2 22dW ret q= − ⋅ for (38b). 
 











≤ ≤ ; 









≤ ≤  (39) 
 
where the parameter W3 term is also included to adjust the constraint to the actual number of bioreactors: 
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• Constraints on the nonlinear differential equations of the process to obtain a solution close to a steady state. The 
activated sludge model described previously in the point 2, is extended for this process superstructure resulting in 
a set of differential and algebraic equations which takes the appropriated values for each structural alternative 
according to the binary y1 (see Revollar et al., 2010a): 
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( )dd sal b sal d s d
dx
Al q x q x A v x
dt
ε= − − ⋅ ≤  (49) 
( ) ( )22 2bb sal b s d s b
dx
Al q x q x A v x A v x
dt
ε= − + ⋅ − ⋅ ≤  (50) 
( )2 2rr b r s b
dxAl q x q x A v x
dt
ε= − + ⋅ ≤  (51) 
 
The flow relations are given by: 
 
12 1i rq q q= +  (52) 
22 12 2rq q q= +  (53) 
2 1 2r r pq q q q= + +  (54) 
 
where q12 and q22 are the input flows to both reactors. 
 
It is important to mention that logical conditions must be imposed to guarantee the mathematical coherence of the 
model for any possible structure. If the second reactor does not exist (y1=0), then V2=0, x1=x2, s1=s2, c1=c2, fk2=0, 
qr2=0, cancelling equations (46) to (48).  Note that with these conditions, all terms of equations (46) and (47) are 
zero because q22 = q12 in (53). Finally, to cancel the last term of equation (48) a slack variable W1 is needed 
(Revollar et al., 2010a). 
 
( )1 1 22 21W y q c= − ⋅  (55) 
 
If the second reactor exists, then, y1=1 and all the variables take values within their ranges. 
 
• Controllability constraints are expressed as the limits over the norms described by eq. (19), (24),(25), where the 
transfer functions are referred to s2 as the output (or s1 if there is only one reactor), and recycling flows qr1, qr2 
as manipulated variables. The parameter umax is an upper bound for the magnitude of both control variables.  
 
1∞ <N  (56) 
1
∞
⋅ ⋅ <p 0 d0W S R   (57) 
max1 u<0M  (58) 
 
The control of this process aims to keep the substrate at the output of the reactors (s1 and s2) below a legal value 
despite the large variations of the incoming substrate concentration (si) and flow (qi). The disturbances are one of the 
main problems when trying to control the plant properly and disturbance rejection is therefore the main control 
objective. The set of disturbances used to evaluate the control performance while tuning the MPC has been taken 
from BSM1 benchmark (Copp, 2002). The manipulated variables are the recycle flows qr1 and qr2. 
 
The prediction model for the MPC is the linearized discrete state space model representing the superstructure, with 
the outputs and manipulated variables selected depending on the existing number of reactors. In the proposed 
superstructure, the control structure depends directly on the plant configuration. For y1=0, then V2=0 and qr2=0 and 
the control system is SISO, the substrate s1 is controlled manipulating qr1 and there is a scalar weight R associated to 
the control efforts. For y1=1, then V2≠0 and qr2≠0, and then the control system is multivariable with a diagonal 
matrix weight R. 
 
3  OPTIMIZATION STRATEGIES 
 
Several optimization strategies have been developed according to the specific characteristics of the problem. The 
complexity of considering controller tuning and plant design, including real and integer parameters, makes attractive 
the two-step iterative algorithm with some variants detailed below.  Genetic algorithms are also suitable for this kind 
of problems and they have been used in some cases. The choice of the strategy depends on several factors, such us 
convergence difficulties, the computing time or the scope of the problem. For more details about the implementation, 
see (Francisco et al., 2011). 
 
• Option 1: 
 
One option to solve the multiobjective optimization defined by  (17) - (18) is to tune the controller in a first step, 
applying for example the method proposed in (Francisco et al., 2010) and in a second step perform the plant design 
using the goal-attainment method, or vice versa. The procedure presented in (Francisco et al.,2010)  is, in turn, 
another two-step iterative algorithm based on norm controllability indexes (horizon tuning + weights tuning). This 
iterative procedure will stop when a convergence criteria is satisfied over the objective function and optimization 
variables.  
 
The goal-attainment method consists of minimizing a slack variable γ which combines all objectives in the non linear 
constraints. Mathematically, if f1*, f2*, f3* are the goals for each objective, it is stated as follows: 
 




x z p c
              (59) 
s.t.  ( )i i if x w fγ
∗− ≤     i=1…n   (60) 
 
where n is the number of objectives considered. 
 
 
• Option 2: 
 
This is also a two-step iterative algorithm, but considering on one side the optimization of all real parameters (plant 
parameters, working point and controller weights) and on the other side the tuning of the MPC control horizon.  In 
this case, for the horizon tuning, a random search based on the Solis method is used [31, 37], and for the rest of real 
parameters, the presented goal-attainment method or a Sequential Quadratic Programming method if the problem is 
mono-objective. If the MPC horizon is fixed in advance, this option is eventually a one-step approach to solve the 
integrated design,  
 
• Option 3: 
 
The last option to solve the optimization problems generated in the ID is using Genetic Algorithms (GA) (Revollar et 
al., 2010), For this particular case, GA real coding is proposed, thus, each chromosome contains the continuous 
variables corresponding to the normalized process variables in the range [0 1], controller parameters and a binary 
variable to set the structure of the plant. The roulette operator (Goldberg, 1989) is chosen for the selection procedure, 
also considering elitism. The “arithmetic crossover” (Gen and Chen, 2000) is selected for chromosome 
recombination, where the offspring (z) is obtained from the parents x, y, as: 
 
(1 )i i iz x yλ λ= ⋅ + − ⋅  (61) 
 
where 0≤ λ ≤1. The random mutation operator (Goldberg, 1989) which decreases proportionally as the generations 
progress is also applied. The new candidate solutions are again manipulated to fulfill the logical conditions. The 
population in a succeeding generation consists of 50% of the best individuals from the previous generation and 50% 
of the individuals generated by crossover. To deal with constraints, an evaluation function with penalty term in the 




4.1. Results for optimization problem 2.1 
Some results of ID considering the mixed sensitivity index, for different conditions of the optimization problem, are 
shown at this point. The influence of the uncertainty regions and the weights are addressed. Recall that the needed 
norm-based controllability indexes are obtained from the linearized model of the plant (state space models). Once the 
optimization is solved, the plant is validated using the full nonlinear set of ASP differential equations. 
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  where -4B3 B4=3, =3, =10 , =3 esf esfw w A M    (63) 
The weight Wp(s) has been chosen considering condition (25) with benchmark and real disturbance spectra, while 
Wesf(s) has been chosen to impose a certain penalty on control moves. Both weights have been determined 
empirically using the following procedure. First, the form of the gain has been determined, taking into account that 
Mp (Mesf) and Ap (Aesf) are the inverse weights gain at high and low frequencies respectively. The frequencies wB1, 
wB2, wB3, wB4 are related to the bandwidth requirement [34]. Once the form is defined, the gains are modified in 
order to give proper disturbance rejection. 
The numerical bounds for the process constraints are: retd=2.5 hours; retu=8 hours; mld=0.001; mlu=0.1; ch=0.7 
m/h; sad=2 days; sau=10 days; recd=0.05; recu=0.9; purgd=0.03; purgu=0.3. The dynamic constraints for MPC are: 
s1d=20 mg/l; s1u =150 mg/l; x1d=400 mg/l; x1u =3000 mg/l; qrd=0; qru=3500 m3/h;  Δqrd=0; Δqru=1000 m3/h. 
 
In order to determine the uncertainty regions for robust ID, several criteria have been considered. The first one 
consists of varying the concentration of substrate s1 10 mg/l around the current nominal value (CASE 1). The second 
criterion consists of modifying the influent characteristics (input flow qi and substrate concentration at the input si) 
(si±100 mg/l, qi±220 m3/h) (CASE 2). This is very interesting because the plant influent has always a large 
variability. The last criteria modifies the plant dimensions around nominal values (V1±300 m3, A±180 m2), in order 
to give some flexibility to the designed plant or to give some error building margin (CASE 3).  
 
In Table 2, Fig. 5 and Fig. 6, some results comparing performance at the more demanding point of the uncertainty 
regions are presented.  The weights Wp(s) and Wesf(s) for the mixed sensitivity indexes are kept constant.  A 
comparison with the ID case without considering robustness in the worst working point of the region of CASE 2 is 
also shown. In the last column of the table, CASE 2 and CASE 3 are considered together. The controllability 
constraint considered is 
1
3500<M  and the control horizon is fixed to Hc=10 in order to reduce the computational 
effort. The effect of local minima on the procedure has been overcome by using different starting points for each ID 
case.  In all cases, the constraint over 
∞
⋅pW S for disturbance rejection is satisfied except for the ID without 
multiple models, showing the advantages of performing ID with uncertainty. The cost of the ID without robustness is 
larger mainly because of the pumping energy represented by the value of qr1. The weight R increases when more 
conditions are imposed to the calculation of the multiple models, but consequently, cost increases (dimensions are 





Fig. 5: A comparison of s1 and qr  for the plant designed with robust ID (uncertainty of CASE 1), working in the nominal point 




Fig. 6: Output sensitivity functions for the closed loop plant designed with robust ID with CASE 1 of multiple models, working in 
the limit of the region (solid line) and in the nominal point (dash dotted line), together with magnitude of weight 1
sip





Influence of the weights in the controllability indexes  
 
The influence of the weights in the controllability indexes is very important and in some cases determines the success 
of the methodology. In this section the influence of the weight Wesf  in the mixed sensitivity index is presented, 
keeping Wp constant with values of (62). The following weights have been considered, where only the component 
siesf
W is presented, because 
qiesf
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where  -3B3 =4, =10 , =3 esf esfw A M  
 
In the Table 3 numerical results obtained are presented, together with some values of the controllability indexes. It is 
observed that for weights Wesf with larger magnitude, which penalize more the control efforts, plant designs with 
larger weights R are obtained, which give worse disturbance rejection.  In essence, weight Wesf regulates control 
efforts of the MPC obtained in the ID. The uncertainty region of CASE1 has been considered and scaled dry-weather 
disturbances of BSM1. The optimization problem is solved using the Option 1 with Hc=8 fixed. 
 
Table 3.  
Results for ID with different Wesf   
Weight Wesf considered: Weight 1 Weight 2 Weight 3 
R 0.0087 0.0056 0.0050 
( )1 0V  (m
3) 4554.5 4507.9 4864.8 
( )0A  (m
2) 2202.5 2147.8 4618.7 
( )1 0s  (mg/l) 99.462 100.000 99.391 
Cost (f1) 0.1902 0.1839 0.4681 
∞
⋅ ⋅p 0 d0W S R  0.9224 0.7040 0.6788 
10
M  1259.5 1516.5 1662.0 
∞
N  2.7514 1.7882 1.3097 
1 1max refs s−  (mg/l) 3.367 2.873 2.427 
 
 
For other results about the influence of the optimization procedures and controllability constraints, and the influence 
of the controllability indexes considered see (Francisco et al., 2011). 
 
 
4.2 Results for optimization problem 2.2 
Here some ID results considering the disturbance rejection indices proposed in (Kariwala and Skogestad, 2007) are 
presented. Firstly, the ID has been solved to obtain a plant with the minimum output error achievable considering 
bounded manipulated variables and for the worst possible combination of disturbances. The numerical results for this 
case are summarized in table 4, showing that when cost is restricted the plant designed is smaller, satisfying 
constraint 
1
3000<0M for the manipulated variable. The control horizon is fixed here to Hc=10. 
 
Table 4 
Results for ID with different bounds in cost 
 Without bound Cost < 1.1 
R  0.0026 0.0025 
V1 (m3) 10000 9919.6 
A (m2) 1832.5 1800.4 
s1 (mg/l) 47.57 47.91 
0 1
M  2984.6 3000 
Cost 1.1122 1.100 
1 1max refs s−  (mg/l) 3.212 3.3150 
 
 
Secondly, the ID has been solved considering the maximization of the largest possible magnitude of disturbances 
such that for the worst possible combination of disturbances up to that magnitude, an acceptable output error is 
achievable with the bounded manipulated variables. The problem has been stated as a multiobjective optimization 
problem and solved with the goal-attainment method. The results are shown in table 5, and in this case, when the 
bounds are relaxed either for the inputs or for the outputs, the value of the maximum allowed normalized disturbance 
maxd  increases, for the corresponding plant obtained, as expected in a plant with larger control or output bounds. 
Costs are only constrained to be less than a fixed value Cost<1, and in these cases it is given more importance to the 
magnitudes of inputs and outputs. 
 
Table 5 








1/dmax 0.747 0.87705 0.71469 
R  0.0023371 0.003353 0.005432 
V1 (m3) 8224.1 8898.8 9332.4 
A (m2) 1809.9 1802.1 1467.6 
s1 (mg/l) 57.281 53.137 56.123 
10
M  2988 2631.2 2144.1 
1 1max refs s−  (mg/l) 3.3315 3.547 5.1761 
 
4.3 Results for optimization problem 2.3 
Some integrated design results with plant structure selection, considering different weights Wp for disturbance 
rejection and different bounds over 0 1M , are presented in this paragraph. All weights are referred to disturbance si, 
which is the only one considered in this set of results, and the multivariable transfer functions have been obtained 




















 and 0 1 450<M . (66) 
 



















The numerical bounds for the process constraints are: retd1=2.5 hours; retu1=8 hours; retd2=2 hours; retu2=6 hours; 
mld1=0.001; mlu1=0.12; mld2=0.001; mlu2=0.12; ch=1.5 m/h; sad=2 days; sau=10 days; recd=0.05; recu=0.9; 
purgd=0.07; purgu=0.3.  
 
The cromosomes defined for the genetic algorithm include 19 real variables (normalized) and 3 integers (MPC 
horizons and plant structure):  
 
1n 2n 1n 2n 1n 2n d n bn r n r1ss r 2n pn 1n 2n 1n 2n n 1n 2n p c 1x , x , s , s , c , c , x ,  x , x , q  , q  , q , fk , fk  ,V , V , A , R , R , H ,H , y    
 
where R1n and R2n denote the control efforts MPC weights, conforming a diagonal matrix  when y1=1 and a scalar 
when y1=0, implying in turn that R2n=0. 
 
In table 6 some numerical results are presented, showing that changes in the controllability conditions give plants 
with different structure and operating conditions. The plant of Case 1 has better disturbance rejection than the plant 
of Case 2. The weight Wp1 is more restrictive and the more relaxed bound over 10M  allows for a larger action of 
the manipulated variable to reject disturbances. No robustness conditions have been included in these results, and 
BSM1 profiles for disturbances are considered. In the figure 7, the sensitivity function for both cases together with 
the weights Wp and inverse spectrum of the influent disturbance si are shown (for dry and storm weather conditions). 
Here it is shown how in case 2 the separation between the weight Wp2 and the sensitivity function is smaller, 
therefore with worse disturbance rejection.  
 
In the AG, a population of 100 chromosomes, a maximum number of iterations of 1000, a decreasing mutation rate 













Results for ID of the activated sludge process with MPC including 
plant structure selection 








Hp 7 7 
Hc 2 4 
V1 (m3) 5409.2 3442.7 
V2 (m3) 0 2819.2 
A (m2) 1253.1 1147.0 
s1 or s2 (mg/l) s1=107.03 s2=93.86 
∞0
N  0.74 0.96 
1
M  725.7 281.3 
∞
⋅ ⋅p 0 d0W S R  0.63 0.93 
Max( qr1 or qr2) 563.9 254.5 





In this paper, the review of the existing ID methodologies presented in the first part of this series has been illustrated 
with the Integrated Design of the activated sludge processes in a wastewater treatment plant with stable linear MPC. 
The problem is based on optimization including investment, operating costs, and dynamical indexes stated as the 
weighted sum of the H∞ and l1 norms of different closed loop transfer functions matrices of the system, following a 
multiobjective methodology. Some robustness conditions are also included as constraints to guarantee that the 
resulting plant and control system designs are robust in the face of nonlinearities and disturbances acting on the 
process. The different aspects of the ID methodologies shown in this paper are the following:  
 
• The integrated design of the activated sludge process with an advanced controller (linear MPC with terminal 
penalty) using mixed sensitivity norm-based controllability indices and a multiobjective formulation.  
• The integrated design of the activated sludge process with an advanced controller (linear MPC with terminal 
penalty) using l1 norm-based controllability indices.  
• Finally, the mathematical formulation of the integrated synthesis, design and MPC control of the process, 
translated into a mixed-integer-non-linear optimization problem, with the evaluation of norm-based 
controllability indices to ensure the most economical design with a suitable control performance, and the 
application of Genetic Algorithms to solve the problem. 
 
It was shown that the plants obtained applying the integrated synthesis and design procedure can be structurally 
different from the economical designs, which gives advice about the importance of including the process synthesis in 
the integrated design framework. Those plants are larger (with the corresponding increase in the investment and 
operation costs) but ensuring satisfactory values of dynamical performance indices. 
 
Different optimization methods have been studied to solve the synthesis and integrated design problem of chemical 
processes, and particularly the activated sludge process. Special attention deserves the stochastic optimisation 
methods in the solution of the complex formulations that include integer and binary variables. It is important to 
mention that the stochastic algorithms select the process structure in a one step optimization procedure in contrast to 
the required decomposition algorithms found in the applications of classical optimization methods. 
 
Acknowledgments 





Alvarez, L. (2008). Metodología para el diseño de control total de planta. Tesis de Maestría en Ingeniería Química. Universidad 
Nacional de Colombia-Medellín. 
Alvarez, H. (2012). Introducción al diseño simultáneo de proceso y control. Ed. Académica Española.  
Alvarado-Morales, M.; Hamid, M. and Gani R. (2010). A model-based methodology for simultaneous design and control of a 
bioethanol production process. Computers and Chemical Engineering, 34:2043–2061. 
Araujo, A and Skogestad, S. (2006). Limit Cycles with Imperfect Valves: Implications for Controllability of Processes with Large 
Gains. Industrial and Engineering Chemistry Research, 45(26): 9024-9032.  
Asteasuain, M; Brandolin, A; Sarmoria, C. and Bandoni, A. (2005). Integrated process and control system design of 
polymerization reactors under uncertainty. Optimal grade transition operation. 2nd Mercosur Congress on Chemical 
Engineering. 4th Mercosur Congress on Process Systems Engineering. Brasil 
Asteasuain, M.; Bandoni, A.; Sarmoria, C. and Brandolin, A. (2006). Simultaneous process and control system design for grade 
transition in styrene polymerization Chemical Engineering Science, 61: 3362-3378. 
Asteasuain, M; Sarmoria, C; Brandolin, A. and Bandoni, A. (2007). Integration of control aspects and uncertainty in the process 
design of polymerization reactors. Chemical Engineering Journal, 131: 135–144. 
Bahri, P.  (1996).  A new integrated approach for operability analysis of chemical plants. PhD. Thesis. University of  Sydney. 
Sydney. 
Bahri, P. A.; Bandoni, J. A.; Romagnoli, J. A. (1996a). Operability assessment in chemical plants. Computers and Chemical 
Engineering, S20: S787-S792.  
Bahri, P.; Bandoni, A. and Romagnoli, J. (1996b). Effect of Disturbances in Optimising Control: The Steady State Open-Loop 
Back-off Problem. AIChE Journal, 42: 983-994  
Bahri, P. A.; Bandoni, J. A.; Romagnoli, J. A. (1997). Integrated flexibility and controllability analysis in design of chemical 
processes. AIChE J., 43, 997–1015.  
Baker, R. and Swartz, C. (2006). Interior point solution of integrated plant and control design problems with embedded MPC. 
AIChE Annual Meeting, San Francisco, CA. 12-17. 
Bandoni, J. A.; Romagnoli, J. A. and  Barton, G. (1994). On optimizing control and the effect of disturbances: Calculation of the 
open loop backoffs. Computers and Chemical Engineering, 18S: 105S–109S. 
Bansal, V.; Perkins, J. and Pistikopoulos, E. (1998). Flexibility analysis and design of dynamic processes with stochastic 
parameters. Computers and Chemical Engineering, 22S: S817-S820. 
Bansal, V.; Perkins, J. D.; Pistikopoulos, E. N.; Ross, R.; van Schijndel, J. M. G. (2000). Simultaneous design and control 
optimization under uncertainty. Computers and Chemical Engineering, 24: 261–266.  
Bansal, V., Perkins, J., and Pistikopoulos, E (2002). A case study in simultaneous design and control using rigorous, mixed-
integer dynamic optimization models. Industrial and Engineering Chemistry Research, 41(4): 760–778. 
Barton, G.; Padley, M. and Perkins, J.  (1992). Incorporating operability measures into the process synthesis stage of design. 
Proceedings IFAC Workshop on Interactions between Process Design and Process Control. Pergamon Press. London. 95-98. 
Blanco, A. and Bandoni, A. (2003). Interaction between process design and process operability of chemical processes: an 
eigenvalue optimization approach. Computers and Chemical Engineering 27(8-9): 1291-1301.  
Brengel, D. and Seider, W.  (1992). Coordinated design and control optimization of nonlinear processes. Computers and Chemical 
Engineering, 16: 861–886. 
Calderón, C.; Alzate, A.; Gómez, L. and  Alvarez, H. (2012). State controllability analysis and re-design for a wastewater 
treatment plant.  Mediterranean conference on control and automation. Barcelona.  
Calderón, C.; Gómez, L. and  Alvarez, H. (2012). Nonlinear State Space Controllability: Set Theory Vs Differential geometry. 
Congreso Latinoamericano de Control Automático.  
Chawankul, N.; Budman, H.; Douglas, P.L. (2005). The integration of design and control: IMC control and robustness, Computers 
& Chemical Engineering, 29: 261–271. 
Chawankul, N.; Ricardez Sandoval, L.; Budman, H.; Douglas, P.  (2007). Integration of design and control: A robust control 
approach using MPC. Canadian J. of Chemical Engineering, 85: 433–446.  
Chenery, S. (1997). Process controllability analysis using linear and non linear optimization. PhD Thesis University of London. 
Chenery, S. and Walsh, S. (1998). Process controllability analysis using linear programming. Journal of Process Control. 8 (3): 
165-174. 
Copp, J.B. (2002). The COST Simulation Benchmark: Description and Simulator Manual. Office for Official Publications of the 
European Community. http://www.ensic.inpl-nancy.fr/benchmarkWWTP/Pdf/Simulator_manual.pdf 
Daoutidis, P. and Kravaris, C. (1992). Structural evaluation of control configurations for multivariable nonlinear processes. 
Chemical Engineering Science, 47:1091–1107. 
Dimitriadis, V. and E. Pistikopoulos. (1995). Flexibility Analysis of Dynamic Systems. Industrial and Engineering Chemistry 
Research 34(12):1451-4462.  
Dominguez, D.; Revollar, S.; Francisco, M.; Lamanna, R. and Vega, P. (2009). Simultaneous Synthesis and Integrated Design of 
Chemical Processes Using IMC PID Tuning Methods. International Conference on Chemical and Process Engineering (IcheaP). 
Roma 
Douglas, J.M. (1988). Conceptual design of chemical processes. McGraw-Hill. 
Ekawati, E. (2003). The development of systematic controllability assessment for process control designs. PhD. Thesis School of 
Engineering Science. Murdoch University. 
Ekawati, E. and Bahri, P. (2003). Integration of output controllability index within dynamic operability framework in process 
system design. Journal of Process Control, 13: 717-727. 
Exler, O.; Antelo, L.; Egea, J.; Alonso, A. and Banga, J. (2008). A Tabu search-based algorithm form mixed-integer-nonlinear 
problems and its applications to integrated process and control system design. Computers and Chemical Engineering, 32: 1877-
1891. 
Fisher, W.; Doherty, M. and Douglas, J. (1988). The interface between design and control 1. Process controllability. Industrial and 
Engineering Chemical Research, 27: 597-605.  
Flores-Tlacuahuac, A. and Biegler L. (2007). Simultaneous mixed-integer dynamic optimization for integrated design and control. 
Computers and Chemical Engineering, 31:588-600. 
Flores-Tlacuahuac, A. and Biegler L. (2008). Integrated control and process design during optimal polymer grade transition 
operations. Computers and Chemical Engineering, 32: 2823-2837. 
Francisco, M.; Revollar S.; Lamanna R. and Vega, P. (2005). A Comparative Study of Deterministic and Stochastic Optimization 
Methods for Integrated Design of Processes.  Proceedings 16th IFAC World Congress. Pavel Zítek (Editor). Praga.  
Francisco, M. and Vega, P. (2006). Diseño Integrado de procesos de depuración de aguas utilizando Control Predictivo Basado en 
Modelos. Rev. Iberoamericana de Automática e Informática Industrial, 3 (4): 88-98.  
Francisco, M.; Revollar, S; Vega, P. and Lamanna, R. (2009). Simultaneous synthesis, design and control of processes using 
model predictive control. Proceedings International Symposium on Advanced Control of Chemical Processes (Adchem). 
Istambul. 
Francisco, M.; Vega, P.; Elbahja, H.; Alvarez, H. and Revollar, S. (2010). Integrated Design of Processes with Infinity Horizon 
Model Predictive Controllers. Emerging Technologies and Factory Automation (ETFA 2010). Bilbao. 
Francisco, M.; Vega, P. and Alvarez, H. (2011). Robust Integrated Design of processes with terminal penalty model predictive 
controllers. Chemical Engineering Research and Design, 89: 1011-1024. 
Francisco, M. (2011). Diseño simultaneo de procesos y sistemas de control predictivo mediante índices de controlabilidad basados 
en normas. Ph.D. Tesis, Universidad de Salamanca, Spain. 
Georgiou, A. and Floudas, C. (1990). Structural properties of large scale systems. International Journal of Control, 51 (1), 169-
187. 
Grosch, R.; Mönnigmann, M. y Marquardt, W. (2008). Integrated Design and Control for robust performance: Application to an 
MSMPR crystallizer. Journal of Process Control, 18: 173-188. 
Grossmann, I. and Straub, D. (1991). Recent Developments in the Evaluation and Optimization of Flexible Chemical Processes. 
Computer-Oriented Process Engineering. Edited by L. Puigjaner and A. Espuna. Amsterdam.  
Guerra I., Lamanna R., Revollar S. “An activated-sludge-process application of integrated design and predictive control with 
instantaneous linearization”. IEEE Mediterranean Conference on Control and Automation. July, 2012. 
Gutierrez, G. (2000). Diseño integrado y síntesis de procesos aplicada al proceso de fangos activados.  Ph.D. Tesis, Universidad 
de Valladolid, Spain. 
Hamid, M.; Sin, G. and Gani, R. (2010). Integration of process design and controller design for Chemicals processes using model 
based methodology. Computers and Chemical Engineering. 34: 683-699. 
Heath, J.; Kookos, I. and Perkins, J. (2000). Process control structure selection based on economics. AICHE Journal. 46(10): 
1998-2016. 
Jain, A. and Babu, B. (2009). Simultaneous design and control of nonlinear chemical processes: a state-of-art review. Proceedings 
of International Symposium & 62nd Annual Session of IIChE in association with International Partners (CHEMCON-2009), 
Andhra University, Visakhapatnam. 
Kalman, R. (1960). On the General Theory of Control Systems. In Proceedings. First IFAC congress, 1: 481-492. Moscow.  
Kim, S. and Linninger, A. (2010). Integration of design and control for a large scale flowsheet. 20th European Symposium on 
Computer Aided Process Engineering (ESCAPE-20). S. Pierucci and G. Buzzi Ferraris. Elsevier B. V. Ischia. 
Kookos, I. and Perkins, J. (2001) An algorithm for simultaneous process design and control. Industrial and Engineering Chemical 
Research. 40: 4079–4088.  
Lamanna, R., Vega, P., Revollar, S., Alvarez, H. (2009). Diseño Simultáneo de Proceso y Control de una Torre Sulfitadora de 
Jugo de Caña de Azúcar. Revista Iberoamericana de Automática e Informática Industrial (RIAI).  6(3): 32 – 43.  
Lee, B.; Kim, Y.; Shin, D. and Yoon, E.  (2001). A study of the evaluation of structural controllability in chemical processes. 
Computers and Chemical Engineering, 25:85-95. 
Lenhoff, A. and Morari, M. (1982). Design of Resilient processing plants-1. Process design under consideration of dynamic 
aspects. Chemical Engineering Science. 37: 245–258. 
Lewin, D. (1999). Interaction of design and control. Proceedings of the 7th IEEE Mediterranean Conference on Control and 
Automation. (MED’99). Haifa. 
Loeblein, C., and Perkins, J. (1999). Structural design for on-line process optimization: I. Dynamic economics of MPC. AIChE J., 
45(5): 1018–1029.  
Lu, X.; Li, H.; Duan, J. y Su, D. (2010). Integrated Design and Control under uncertainty: A fuzzy modelling approach. Ind. Eng. 
Chem. Res., 49: 1312–1324 
Luyben, W. (1993). Trade-off between design and control in chemical reactor systems. Journal of Process Control. 3(1): 17-41 
Luyben, M. and Floudas, C. (1994a). Analyzing the interaction of design and control- 1. A multiobjective framework and 
application to binary distillation synthesis. Computers and Chemical Engineering. 18: 933-969. 
Luyben, M. and Floudas, C. (1994b). Analyzing the interaction of design and control- 2. Reactor-separator.recycle system. 
Computers and Chemical Engineering. 18: 971-993. 
Maciejowski, J. M. (2002). Predictive Control with Constraints. Ed. Prentice Hall. 
Malcolm, A.; Polan, J.; Zhang, L.; Ogunnaike, B. A.; Linninger, A. A. (2007). Integrating Systems Design and Control using 
Dynamic Flexibility Analysis. AIChE J, 53: 2048–2061. 
Meeuse, F.; Grievink, J., Verheijen, P. and Vander, M. (2000). Conceptual design of processes for structured products. 
Proceedings ESCAPE-5, Malone, Trainham and Carnahan (Eds) 324 - 328 
Meeuse, F.; Deugd, R.; Kapteijn, F.; Verheijen, P. and Ypma, S. (2001). Increasing the selectivity of the Fischer Tropsch process 
by periodic operation. Computer Aided Chemical Engineering, 9: 699 - 704 
Meeuse, F. (2002). On the design of chemical processes with improved controllability characteristics. PhD. Thesis Technische 
Universiteit Delft.  
Meeuse, F. and Grievink, J. (2002). Optimum controllability of distributed systems based on non-equilibrium thermodynamics. In 
J. Grievink & J. V. Schijndel (Eds.), ESCAPE-12, Elsevier. 259–264.  
Miranda, M.; Reneaume, J.; Meyer, X.; Meyer M. and Szigetid, F.  (2008). Integrating process design and control: An application 
of optimal control to chemical processes. Chemical Engineering and Processing: Process Intensification. 47(11): 2004-2018 
Mohideen, M.; Perkins, J. and Pistikopoulos, E. (1996a). Optimal design of dynamic systems under uncertainty. AIChE J., 42(8): 
2251–2272.  
Mohideen, M.; Perkins, J. and Pistikopoulos, E. (1996b). Optimal synthesis and design of dynamic systems under uncertainty. 
Computers and Chemical Engineering, 20S: S895–S900.  
Mohideen, M.; Perkins, J. and Pistikopoulos, E. (1996c). Integrated framework for design and control. In Proceedings of the 
UKACC International Conference on CONTROL ’96 UKACC. 427: 918–923. 
Monnigmann, M. and Marquardt , W. (2002). Normal vectors on manifolds of critical points for parametric robustness of 
equilibrium solutions of ODE systems. Journal Nonlinear Sci,12:85–112. 
Monnigmann, M. and Marquardt, W. (2005). Steady-state process optimization with guaranteed robust stability and flexibility: 
Application to HAD reaction section. Ind Eng Chemistry Research, 44:2737–2753. 
Moreno, R. (1994). Estimación de estados y control predictivo del proceso de fangos activados. Ph.D. Tesis, Universitat 
Autónoma de Barcelona (Spain). 
Moon, J.; Kim, S. and Linninger,  AA. (2011). Integrated design and control under uncertainty: Embedded control optimization 
for plantwide processes. Computers and Chemical Engineering, 35:1718–1724. 
Muñoz, D. (2007). Controlabilidad de sistemas dinámicos no lineales acoplados. Tesis de Maestría en Matemáticas. Universidad 
Nacional de Colombia-Medellín. 
Muñoz, D.; Alvarez, H. and Ochoa, S. (2008). ¿Hacia dónde va la integración del diseño y el control del proceso? El papel de la 
controlabilidad de estado y el diseño bajo incertidumbre. XIII Congreso Latinoamericano de Control Automático / VI Congreso 
Venezolano de Automatización y Control. Mérida. 
Muñoz, D.; Gerhard, J. and Marquardt, W. (2012). A normal vector approach for integrated process and control design with 
uncertain model parameters and disturbances. Computers and Chemical Engineering, 40, 202-212  
Narraway, L.; Perkins, J. and Barton, G. (1991). Interactions between process design and process control: Economic analysis of 
process dynamics. Journal of Process Control, 1: 243-250.  
Narraway, L. and Perkins, J. (1993). Selection of process control structure based on linear dynamic economics. Industrial and 
Engineering Chemistry Research, 32(11): 2681–2692.  
Narraway, L. and Perkins, J. (1994). Selection of process control structure based in economics. Computers and Chemical 
Engineering, S18: S511-S515. 
Ochoa, S. (2005). Metodología para la integración diseño-control en el espacio de estados. Tesis de Maestría en Ingeniería 
Química. Universidad Nacional de Colombia-Medellín.   
Palazoglu, A. and Arkun, Y. (1986). A multiobjective approach to design chemical plants with robust dynamic operability 
characteristics. Computers and Chemical Engineering, 10: 567–575. 
Patel, J.; Uygun, K. and Huang, Y. (2007). A path constrained method for integration of process design and control. Computers & 
Chemical Engineering. 32: 1373-1384. 
Puigjaner, L.; Ollero, P.; De Prada, C.; Jimenez, L. (2006). Estrategias de modelado, simulación y optimización de procesos 
químicos. Editorial Síntesis  
Revollar, S., D. Dominguez, Z. Ramírez, H. Alvarez, R. Lamanna, P. Vega. (2008a). Diseño Integrado de la Planta de Sulfitacion  
en un Ingenio Azucarero. XIII Congreso Latinoamericano de Control Automático / VI Congreso Venezolano de Automatización 
y Control. Mérida. 
Revollar, S., M. Francisco, P. Vega, R. Lamanna. (2008b). Genetic algorithms for the synthesis and integrated design of processes 
using advanced control strategies.  International Symposium on Distributed Computing and Artificial Intelligence 
(DCAI'08).Lecture Notes on Computer Science. 50/2009: 205-214.Salamanca. 
Revollar, S.; Francisco, M.; Vega, P. and Lamanna, R. (2010a). Stochastic optimization for the simultaneous synthesis and control 
system design of an activated sludge process. Latin American Applied Research. 40: 137-146.  
Revollar, S.; Lamanna, R.; Vega, P. and Francisco, M. (2010b). Multiobjective genetic algorithms for the integrated design of 
chemical processes using advanced control techniques. Proceedings 20th European Symposium on Computer Aided Process 
Engineering (ESCAPE-20). S. Pierucci and G. Buzzi Ferraris (Editors). Elsevier B. V.. Ischia. 
Revollar, S.; Rodríguez, A.; Lamanna, R.; Francisco, M. and Vega, P. (2010c). Multiobjective genetic algorithms for the 
simultaneous design and control of the activated sludge process. Proceedings Congress of Chemical and Process Engineering 
(CHISA 2010). Praga. 
Revollar, S. (2011). Algortimos genéticos en el diseño integrado de procesos químicos. Ph.D. Tesis, Universidad Simón Bolívar, 
Venezuela. 
Revollar, S.; Lamanna, R.; Rodríguez, A.; Vega, P. and Francisco, M. (2012). Integrated design methodology for  improving the 
economics and dynamical performance of the activated sludge process. Ecotechnologies for Wastewater Treatment. Technical, 
Environmental and Economic Challenges (ECOSTP). Santiago de Compostela. 
Ricardez Sandoval, L.; Budman, H. M. and Douglas, P. (2008). Simultaneous design and control of processes under uncertainty: 
A robust modelling approach. Journal of Process Control, 18: 735–752.  
Ricardez-Sandoval, L.; Budman, H. and Douglas, P. (2009a). Integration of design and control for chemical processes: A review 
of the literature and some recent results. Annual. Review in Control, 33: 158–171.  
Ricardez-Sandoval, L.; Budman, H. and Douglas, P. (2009b). Simultaneous design and control of chemical processes with 
application to the Tennessee Eastman process. Journal Process Control, 19: 1377–1391.  
Ricardez-Sandoval, L.; Budman, H. and Douglas, P. (2010). Simultaneous design and control: A new approach and compaisons 
with existing methodologies. Industrial Engineering Chemical Research, 49: 2822-2833. 
Ricardez-Sandoval, L.; Douglas, P. and Budman, H. (2011). A methodology for the simultaneous design and control of large-
scale systems under process parameter uncertainty. Computers and Chemical Engineering, 35 (2): 307-318. 
Sakizlis, V.; Perkins, J. and Pistikopoulos, E. (2003). Parametric controllers in simultaneous process and control design 
optimization. Industrial & Engineering Chemistry Research, 42(20): 4545–4563.  
Sakizlis, V.; Perkins, J. and Pistikopoulos, E. (2004). Recent advances in optimization-based simultaneous process and control 
design. Computers and Chemical Engineering, 28: 2069–2086.  
Schweiger, C. and Floudas, C. (1997). Interaction of design and control: optimization with dynamic models. W. Hager and P. 
Pardalos (Eds.), Optimal control: Theory, algorithms and applications. 388–435. 
Scokaert, P. and Rawlings, J. B. (1998). Constrained linear quadratic regulation. IEEE Trans. Automatic Control 43 (8), 1163–
1169. 
Seferlis, P. and Georgiadis, M. (2004). The integration of process design and control. Eds.Elsevier, Amsterdam. 
Skogestad, S. (1994). Frequency-domain methods for analysis and design. II. Controllability analysis of SISO Systems. Methods 
of Model Based Process Control - Proc. of NATO-ASI in Antalya, Turkey. 153-191. 
Skogestad, S. (2003). Simple analytic rules for model reduction and PID controller tuning. Journal of Process Control, 13(4): 291-
309.  
Skogestad, S. and Postlethwaite, I. (1996). Multivariable Feedback Control Analysis and Design. (2nd Edition). Wiley. New 
York. 
Skogestad, S. and Wolff, E. (1992).  Controllability measures for disturbance rejection. Proceedings IFAC Workshop on 
Interactions between Process Design and Process Control. Pergamon Press. London. 23-30. 
Soloyev, V. and Lewin, D. (2003). A steady-state process resiliency index for nonlinear processes: 1. analysis. Industrial and 
Engineering Chemistry Research 42: 4506-4511 
Soroush, M. (1996). Evaluation of achievable control quality in nonlinear processes. Computers and Chemical Engineering, 20 
(4): 357-364. 
Swartz, C.L.E. (2004). The use of controller parametrization in the integration of design and control. In P. Seferlis, M.C. 
Georgiadis (Eds.). The Integration of Process Design and Control.  Computer-Aided Chemical Engineering, Ed. Elsevier, 17: 
239-263. 
Terrazas-Moreno, S.; Flores-Tlacuahuac, A.; Grossmann, I. E. (2008). Simultaneous Design, Scheduling, and Optimal Control of 
a Methyl-Methacrylate Continuous Polymerization Reactor. AIChE Journal, 54 (12): 3160-3170. 
Vaca, M.; Jiménez-Guitérrez, A. and Álvarez-Ramírez, J. (2009). A note on the controllability of two short-cut designs for a class 
of thermally coupled distillation sequence.  Industrial and engineering chemistry research, 48 (4): 2283-2289.  
Vinson, D. and Georgakis, C. (1998). A new measure of process output controllability. 5th Symposium on Dynamics and Control 
of Process Systems. Corfu, Greece.  
Vinson, D. and Georgakis, C. (2000). A new measure of process output controllability. Journal of Process Control. 10 (2-3): 185-
194. 
Walsh, S. and Perkins, J. (1994). Application of integrated process and control system design to waste water neutralisation. 
Computers and Chemical Engineering, 18S: S183–S187. 
Walsh, S. and Perkins, J. D. (1996). Operability and control in process synthesis and design. In Anderson J. L. (Ed.), Advances in 
chemical engineering—Process synthesis. Academic Press. 301–402. 
Weitz, O. and Lewin, D. (1996). Dynamic controllability and resiliency diagnosis using steady state process flowsheet data. 
Computers and Chemical Engineering, 20 (4): 325–336. 
Wolff, E.; Skogestad, S.; Hovd, M. and Mathisen, K. (1992). A procedure for controllability analysis. Proceedings IFAC 
Workshop on Interactions between Process Design and Process Control. Pergamon Press. London. 127-132. 
Wolff, E. (1994). Studies on control of integrated plants. PhD Thesis University of Throndheim. The Norwegian Institute of 
Technology.  
Wolff, E.; Perkins, J. and Skogestad, S. (1994). A procedure for operability analysis. ESCAPE-4. Dublin. 
Yuan, Z.; Chen, B.; Sin, G. and Gani, R. (2012). State-of-the-art and progress in the optimization-based simultaneous design and 
control for chemical processes. Process systems engineering, 58: 1640-1659. 
Ziegler, J. and Nichols, N. (1943). Process lags in automatic control circuits. Transactions of the ASME. 65: 433-444. 
Zhao, Y. and Skogestad, S. (1997). Comparison of various control configurations for continuous bioreactors. Industrial and 
engineering chemistry research, 36 (3): 697-705  














qp waste activated sludge (WAS) 
xir 
sir 












Figure. 1. Plant and controller layout for the simplified structure of Manresa’s activated sludge process 
 
 
Table 1. Operational, biological and physical parameters for the selected activated sludge process 
Symbol Parameter Value 
[units] 
mmax Maximum growth rate of the 
microorganisms 
0.1824 
y Yield coefficient between cellular 
growth and substrate elimination 
0.5948 
fkd Yield coefficient between biomass 
endogenous and substrate 
contribution to the medium 
0.2 
Kd Kinetic coefficient of biomass decay 
by endogenous metabolism 
5.5e-5 
[L/h] 
Ks Saturation constant 300 
Kc Kinetic coefficient of biomass decay 
by biological waste 
1.333e-4 
[L/h] 
cs Saturation oxygen (DO) 
concentration in the aeration tanks 
8 [mg/L] 
Kla Mass transfer coefficient in aeration 
process 
0.7 [h-1] 
OUR Oxygen uptake rate  
K01 Yield coefficient between the cellular 
growth and the oxygen consumption 
rate 
0.0001 
xi Biomass concentration at the influent 80  
[mg/L] 




qi Influent flow 1300 
[m3/h] 
x Biomass concentration at the output 
of the aeration tanks 
[mg/L] 
s Substrate (COD) concentration at the 
output of the aeration tanks 
[mg/L] 
c Dissolved oxygen (DO) 
concentration at the output of the 
aeration tanks 
[mg/L] 
q Bioreactor input flow [m3/h] 
qr Recycle flow [m3/h] 
xir Bioreactor inlet biomass 
concentration 
[mg/L] 
sir Bioreactor inlet substrate 
concentration 
[mg/L] 
Fk1 Aeration factor  
V1 Bioreactor volume [m3] 
A Settler area [m2] 
xd Biomass concentration at the surface [mg/L] 
of the settler 
xb Biomass concentration in the settler 
second layer 
[mg/L] 
xr Biomass concentration at the bottom 
of the settler 
 
vs Settling rate of the activated sludge 
in the settler 
 
nnr Empirical parameter for the settling 
rate relationship 
3.1563 




ld Height of the first layer of the settler 2m 
lb Height of the second layer of the 
settler 
1m 

















Figure 3: Nominal closed loop system 
 
 
Figure 4. Activated sludge process superstructure 
 
Table 2. Results for different robust Integrated Design 





single models CASE 1 CASE 2 
CASE 2 
CASE 3 
R  0.00699 0.00737 0.00647 0.00589 
V1 (m3) 3605.5 3628 3923 4443 
A (m2) 2452 2449.4 2445.5 2225.5 
s1 (mg/l) 100.0 90.0 99.0 95.0 
qr  (m3/h) 570.5 257.5 354.6 362.3 
si (mg/l) 400 340 400 400 
qi  (m3/h) 1280 1150 1280 1280 
∞
⋅ ⋅p dW S R  33.829 1 1 1 
1
M  4889.5 3632.4 4889.5 5558.3 
Cost 0.999 0.184 0.364 0.471 
max. deviation 
from s1 (mg/l) 
MPC non 
feasible 17.9 26.3 23.7 
 
 
 
 
